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Abstract: There is a long history of the use of aerial imagery for archaeological research, but the
application of multisensor image data has only recently been facilitated by the development of
unmanned aerial vehicles (UAVs). Two archaeological sites in the East Midlands U.K. that differ in
age and topography were selected for survey using multisensor imaging from a fixed-wing UAV.
The aim of this study was to determine optimum methodology for the use of UAVs in examining
archaeological sites that have no obvious surface features and examine issues of ground control target
design, thermal effects, image processing and advanced filtration. The information derived from
the range of sensors used in this study enabled interpretation of buried archaeology at both sites.
For any archaeological survey using UAVs, the acquisition of visible colour (RGB), multispectral, and
thermal imagery as a minimum are advised, as no single technique is sufficient to attempt to reveal
the maximum amount of potential information.
Keywords: multisensor; ground control; random forest; thermal; multispectral; archaeology; UAV
1. Introduction
1.1. Overview
The use of remote sensing to survey and research archaeological sites is well established in the
literature [1–8], and although conventional aerial photography and LiDAR are commonplace the use
of multisensor data acquisition is less well represented. In this study the authors have selected two
separate archaeological sites which differ considerably in character, period, and physical aspect and
which both have known multiperiod features. Neither site has previously been extensively studied
or excavated.
The aim of the study was to compare the efficacy of multisensor data, acquired aerially from
an unmanned aerial vehicle (UAV), in providing adequate visualization of buried archaeology in
order to formulate an accurate approximation of each site’s principal features and characteristics.
Ground-truthing of the results to date has largely been restricted to visual site inspection owing to the
current uses of the land and restrictions by the owners; this is a very commonly encountered scenario
in archaeology where non-invasive survey provides the only practical means of determining the nature
of man-made, below ground stratigraphy [9,10].
As well as determining the efficacy of the methods employed, the results are, in themselves, of
key importance in the understanding of the archaeological nature of the two sites examined. The only
available options other than passive aerial remote sensing are geophysical survey, terrestrial laser
scanning (TLS) or manual topographic mapping (to reveal any residual elevation differences for
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detecting ditches and banks), and physical excavation. The latter, though clearly the most informative,
is also the most restrictive in terms of both permission and cost, and also entails the irreversible
destruction of the archaeology, which should be avoided where possible. For the first site in this study,
Camp Hill, geophysics, TLS and manual surveying, whilst being possible, would entail considerable
time and logistics owing to the extent and nature of the terrain and are, for all practical purposes,
unfeasible. Therefore, this study also aims to present interpretations of the two sites selected which
have hitherto not been attempted.
1.2. Archaeological Background
The two sites selected for study are in Nottinghamshire, U.K.: (a) Camp Hill, Hexgreave Park;
and (b) Shelford Priory (Figures 1 and 2).Remote Sens. 2019, 11, x FOR PEER REVIEW 3 of 35 
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Figure 2. Site conditions at Camp Hill and Shelford Priory as visible in RGB imagery (white crosses
show the location of ground control targets when used).
1.2.1. Camp Hill
Camp Hill is a complex archaeological site, most probably an Iron Age hillfort comprising the
largest in a group of local hillforts in central Nottinghamshire, U.K (Figure 1); such clusters of hillforts
are well known from elsewhere in Europe [11]. It lies at 67 m above sea level (asl) surrounding a
low-lying hill. In extent the outer ditch, insofar as may be determin d from ground survey a d
aerial ph tography, encloses an area of approximately 42 ha, which is unusually large fo thi class of
structure; for comparison, the well-studied and preserved hillfort at M iden Castle, Dorset, U.K. is
approximately 45 ha in extent a d t e equally well preserved site o Hod Hill, 29 km N.E., is in the
region of 30 ha. A single find of a late Neolithic-Early Bronze-Age flint tool may indicate the earlier
origins of the site, whilst a prolific scatt r of Roman and Romano-British pottery, along with a Roman
road cutting t rough the hillfort, demon trate lat r continuation of use. T e area adjacent to the west
was further developed as a deer park for the archbishops of York in the medieval era, but is excluded
from this study.
The geology of the site is largely early to mid-Triassic Tarporley siltstone and the region of interest
(ROI) where data was acquired is entirely comprised of this bedrock. The overlying soil type is loam
and heavy clay and is arable land, actively farmed with cereal crops and strips of uncultivated field
margin, hedges, grass trackways, and a triangle of woodland on the southern edge of the ROI (Figure 2).
The area has been little analysed. First mentioned as an archaeological site in 1677, but not
examined until 1788 [12], early drawings show an irregular lozenge with apparent ditches and ramparts
on four sides which, in the late 18th century, were clearly still visible. In 1849 a pig of lead bearing a
Roman inscription was discovered [13–15], and this clearly indicates that the road was being used
to transport lead from the Derbyshire mines, probably to the east coast for export. Field walking
in the 1930s, 1960s, and in 1974-5 revealed much pottery of Iron Age to 2nd century A.D. date, and
unpublished aerial photography was used to discern the faint remaining boundaries of the ditches,
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which are known to have been destroyed by ploughing during the 19th century [16]. More recently,
LiDAR mapping by the U.K. Environment Agency has revealed the partial profile of the inner ditch on
the south side of the site, the probable entrance to the fort, and the Roman road; however, the nature of
the interior complex has remained elusive as the ground resolution of the LiDAR data is 1 m, and also
as many archaeological features evidently do not present as significant topological variations due to
extensive past agricultural activity.
1.2.2. Shelford Priory
Shelford Priory was a small Augustinian monastery founded during the reign of King Henry II,
between AD 1154 and 1189, and which housed up to 14 canons [17,18]. It was located close to the south
bank of the River Trent in Nottinghamshire, U.K. at 19 m asl (Figure 1), and was suppressed during
the English Reformation in 1536. After the complex ceased to be used as a religious house it was
sold to the Stanhope family who created a house which was damaged during the English Civil War
and repaired in 1678. Recent investigations [19] have shown that the current farmhouse was almost
certainly the monastic ‘prior’s lodgings’ and retains a considerable amount of the original medieval
building. The remainder of the monastery was probably robbed for stone and destroyed.
Of the main complex, including the medieval church, cloister, and related buildings, there are
no discernible traces above ground and the 0.85 ha site is a field under pasture (Figure 2). In 2001 a
brief archaeological evaluation excavation was undertaken for a U.K. television programme series
which centred on the Civil War earthworks thought to also be on the site; unfortunately no published
site report has ever been issued, although archive footage and photographs reveal trench excavation
of around 0.5 m in depth yielding evidence of medieval buildings, including what appears to be the
church at that depth [20]. However, no attempts have ever been made to understand the complex in
its entirety.
The geology of the ROI is principally sand and gravel with some slit and clay deposits on the
northern edge, and the soil type is mixed sand, loam, and some clay, firm but with very high permeability.
1.3. Background Theory
Aerial Photography in Archaeology
The use of aerial photography to research archaeological sites is well established [21–23]. Using
conventional camera technology, sites are often revealed due to one of three common processes:
i) Cropmarks: where crops or other vegetation grow at differential rates and heights due to varying
ground moisture content that is dependent on the subsurface presence of masonry, pits, ditches, and
so forth.
ii) Parch marks: similar to (i) but resulting from intense lack of ground moisture such as during a
drought where vegetation above masonry dies back more quickly than surrounding material, resulting
in a stark colour contrast.
iii) Shadow marks: where low sun angle produces enhanced relief of the ground surface in the
imagery revealing features such as banks, ditches and low wall foundations.
Multispectral and thermal imaging are comparatively recent developments in the archaeological
survey toolkit and the availability of UAVs has further enabled the capture of very high spatial
resolution imagery—vital for the detection of subtle, man-made features such as buried walls and
ditches [24–27].
The principles of detection are, for multispectral imaging, similar to conventional colour (RGB)
data, where differences in crop and vegetation growth, which are dependent on subsurface soil makeup
and moisture conditions, are revealed as deviations in colour [28,29] and sometimes as weak localized
changes in surface topography [30]. The advantages of using multispectral imaging that includes the
near infra-red (NIR) include a wider spectral range for general surface reflection properties and the use
of the normalized difference vegetation index (NDVI), which is the differenced ratio of reflectance in
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the red and near-infrared wavelength [31], to reveal an indication of crop health [32]. The equation for
NDVI is given as:
NDVI =
ρnir− ρred
ρnir + ρred
(1)
where рnir is the spectral reflectance of the near infrared band and рred is the spectral reflectance of
the red band [33].
In thermal imaging different criteria apply, as the measurements acquired are not due solely to
surface reflectance but rather a mixture of heat emission and reflection. The mechanism by which heat
is transferred is complex, and principally dependant on three clear modes of transfer: conduction,
radiation, and convection [34,35]. All three modes must be considered for determining the presence
of archaeological anomalies, specifically anomalies that have been inserted into the ‘background’
geological matrix of a site and thus exhibit measurable changes in thermodynamic properties due to
physical makeup, variation in moisture content, and emissivity (calculated relative to a blackbody
which is defined as a body which absorbs all thermal radiation incident upon it). Soil, and the earth
in general, may be considered as a semi-infinite solid [36] where the boundary conditions of: (a)
assumed initial uniform temperature ti (in a general sense in this case, of being approximately uniform
before sunrise); (b) the surface temperature of the ground is changed by the sun’s radiation and then
maintained at ts; and (c) at a distance far from the surface the temperature does not change due to the
presence of the external radiation. Thus, we may express temperature distribution in the soil as:
t(x, τ) − ts
ti − ts = er f
(
x
2
√
ατ
)
(2)
where temperature t is measured on a parallel plane at distance x and time ґand er f
(
x
2
√
ατ
)
is the Gauss
error function [37].
As only accurate relative values of surface temperature are required to qualitatively identify
archaeological features, the absolute temperature TS is not required but may be calculated [38] by
determining the emissivity εv of the soil and vegetation surfaces independently from the data acquired
with a thermal imaging camera Jv and then applying Plank’s formula to yield:
Ts =
b
ln
[
1 + ενPν(ρs)a ν
3
Kν
] (3)
where:
Kν = Jν − B
[
ν, Tˇν
]
(1− Pν(ρs)) (4)
where Pv(x) is the transmission function at wave number v between atmospheric pressure Pt–the
atmospheric top, and Ps the pressure at ground level; Bv is the Planck function, and Tˇv is the mean
temperature of the atmosphere at wave number v.
In the context of a large archaeological site it is clear that both the surface conditions—vegetation
type, soil makeup, compaction, and elevation aspect—and the buried matrix of soil and minerals
form a highly complex system whose thermal properties would require considerable time and effort
to quantify. In particular, surface vegetation evapotranspiration may result in a uniform canopy
temperature [39], which may obscure the thermal effects of buried archaeology and the exact calculation
of this effect is not straightforward, requiring detailed measurements. For a transpiring canopy above
a surface layer of soil the available energy flux density Qn can be stated as:
Qn = Rn −G + Ah − LpFp − dWdt (5)
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where Rn is the net radiation flux at the surface, Ah is the energy added to the system by advection,
dW/dt is the total change of energy storage in the system, G is the net diffusive ground heat flux from
the soil layer, and LpFp is the energy use by the canopy in the photosynthesis [40].
Therefore, a number of generalized assumptions must be made as field conditions lie far from
those in a controlled laboratory environment and surfaces and matrices are not isothermal, or opaque,
nor do they emit and reflect diffusely and are not characterized by uniform radiosity, and advection is
frequently nonlinear.
An important effect in locating buried ditches and pits in an archaeological context is their ability
to retain more water, in the form of moisture, than the surrounding layers. Two effects are in force that
result in a lowering of perceived temperature from these features:
(a) differing thermal conductivity, for example: at 20 ◦C water having λ = 0.6 Wm−1 K−1, sandstone
λ = 2.5 Wm−1 K−1, and shale λ = 1.1 − 2.1 Wm−1 K−1 [41].
(b) evaporative cooling which occurs when the molecules of subsurface water, retained in a feature
matrix, are subject to collisions that increase their energy above that needed to overcome the surface
binding energy and the internal energy of the liquid, required for this effect, is subject to a reduction
in temperature [42]. This effect can also take place at the surface boundary [43] resulting in a similar
effect; the latent heat flux LE in W m−2 is expressed as:
LE =
ρcp
γ
es − ea
rw
(6)
where рis air density, cp is the specific heat of air at constant pressure, λ is the psychrometric constant,
es is the saturated vapour pressure near the surface, ea is the actual vapour pressure at a given reference
elevation, and rw is the resistance to water transfer. However, complicating factors arise from the effect
of the first top few centimeters of surface soil, which is most influential in controlling evaporation from
the surface compared to subsoil moisture as the latter is slow moving and as such may have reduced
effect on evaporation rates from the surface; soil texture and soil colour can also affect evaporation
rates from a soil surface, and hence lead to differential cooling [44].
Of equal importance is the differential thermal emission between the background matrix and
buried building stone. As shown above, materials such as sandstone have a high thermal conductivity,
various forms of rock having typical values of 1.2 – 5.9 Wm−1 K−1 [45–47] whereas unconsolidated
soils (characteristic of plough soil or roughly cultivated land) have a range of 0.15 – 3.5 Wm−1 K−1
at normal ground-level atmospheric temperature (20 ± 20 ◦C) [48,49], but more typically in the
1.5 – 2.0 Wm−1 K−1 range with a root-mean square error (RMSE) of ~0.2 Wm−1 K−1 [50–52]. Thus a
thermal emission difference in a buried sandstone wall, sufficiently shallow to be heated by solar
radiation, might be expected to be in the order of 0.75 Wm−1 K−1, which is easily detectable from an
aerial thermal survey, though related effects of soil compaction and voids have also been shown to
yield good differentiation [53].
The effects of surface topography also need to be taken into consideration. As the estimated
depth of anomalies of interest is not expected to exceed 3 m, based on the preserved sections of
ditch in woodland at Camp Hill and trial excavation at Shelford, thermal variations due to change
of slope can be calculated and used in correction for purposes of interpretation [54]. The process
entails the calculation of the correlation between the measured temperature values (U) and the heights
of observation points (H) in the middle part of the slope, and then the calculation of the regression
coefficient(s) α and β. This yields an approximate linear relationship [55] thus:
Uap = α+ βH (7)
where H represents the height of the observation points in the centre portion of the slope, α and β are
the regression points; Uap is then subtracted from each observation U to yield the corrected field value.
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2. Materials and Methods
2.1. UAV Platform and Sensors
Both study sites were flown on two occasions between June 2018 and May 2019 using a combination
of sensors mounted on a fixed-wing UAV (senseFly eBee). Sensors can only be mounted individually
on this platform and in this study included a senseFly Sensor Optimised for Drone Applications
(S.O.D.A.), a Canon Powershot S110 NIR, a Parrot Sequoia and a senseFly thermoMAP.
The S.O.D.A. and Canon Powershot cameras have global shutters and collect 3-band imagery
simultaneously on a single CMOS (complementary metal–oxide–semiconductor) sensor. The S.O.D.A.
has a lens with a fixed focal length of 28 mm and a 20 megapixel (MP) RGB sensor [56]. The Canon
Powershot S110 NIR is an RGB camera with a 12.1 MP sensor and has a modified filter that acquires
near infra-red (NIR) in place of the blue band. The central wavelengths of the bands are 500 nm (G),
625 nm (R) and 850 nm (NIR), but all bands partially overlap across the range 350 – 1150 nm [57]
(Figure 3a).
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The Parrot Sequoia is a multispectral sensor that has four separate lenses with individual 1.2 MP
sensors collecting bands with central wavelengths of 550 nm (G), 660 nm (R), 735 nm (red-edge; RE)
and 790 nm (NIR). In contrast to the Canon camera these bands are discrete, with bandwidths of 40 nm
for G, R and NIR, and 10 nm for RE (Figure 3b). The Sequoia also has an irradiance sensor on top of
the imaging sensor with four spectral sensors collecting data at the same wavelengths as the imaging
sensors [58]. Irradiance measurements are taken for each image and allow post-flight compensation of
changes in illumination during flights.
The senseFly thermoMAP comprises a FLIR TAU 2 sensor that has a 0.3 MP sensor recording
longwave infra-red (LWIR) wavelengths from 7500 – 13,500 nm [59]. The sensor has a resolution of
0.1 ◦C and calibrates automatically during the flight. Operated in timelapse mode in the eBee, the
thermoMAP sensor records a continual series of images at a rate of 7.5 images per second [60].
2.1.1. Flight Parameters
All flights were planned and undertaken using senseFly eMotion version 3.5.0. The software
automatically constructs parallel flight lines covering a user defined area of interest (AOI) and flight
lines were modified by specifying flight height, and lateral and longitudinal overlap. Flights were
planned to be undertaken at approximately 75 m above elevation data (AED). Elevation data supplied
with senseFly eMotion comprise a 90 m resolution digital elevation model derived from the Shuttle
Radar Topography Mission (SRTM) [61] and were used for all surveys. Despite the low spatial
resolution of SRTM data, and positional error from the single-frequency GNSS receiver onboard the
eBee, the height reported by the eBee while on the ground was typically within 2 – 4 m of the terrain
height in the SRTM data. At approximately 75 m AED using SRTM data, the ground sample distance
(GSD) achieved by the sensors typically ranges from 0.016 – 0.018 m (S.O.D.A.), 0.024 – 0.028 m (Canon
Powershot), 0.08 – 0.09 m (Sequoia) and 0.13 – 0.15 m (thermoMAP).
Flights with the S.O.D.A. were undertaken with 80% lateral and longitudinal overlap because, in
addition to providing RGB imagery, these data were used to create digital surface models of the sites.
Flights with all other sensors were undertaken with 75% lateral and longitudinal overlap to reduce
flight time and thereby the potential for changes in illumination to occur during flights. At 75 m AED
the longitudinal overlap is dictated largely by flight speed, and with fixed-wing UAVs 80% overlap is
often not achievable. The same AOI was used for each site on both occasions, but flight lines were
oriented perpendicular to the direction of wind on the day of survey. Therefore, the resultant extent
surveyed at each site varied between sensors and on both survey dates (Table 1).
Table 1. Image Outputs for All Surveys (TM – thermoMAP; * Orthomosaic; n.d. – not Determined; n.a.
– not Applicable).
Survey Products Area(ha)
GSD
(m)
GCP
No.
RMSE X
(m)
RMSE Y
(m)
RMSE Z
(m)
RMSE
XYZ (m)
Camp Hill June 2018
SODA RGB*; DSM 22.7 0.017 n.a. n.d. n.d. n.d. n.d.
Sequoia G R RE NIR*; NDVI 25.0 0.084 n.a. n.d. n.d. n.d. n.d.
TM Thermal IR*; T (◦C) 24.3 0.144 n.a. n.d. n.d. n.d. n.d.
Camp Hill October 2018
SODA RGB*; DSM 25.6 0.018 4 0.017 0.007 0.005 0.01
Sequoia G R RE NIR*; NDVI 29.1 0.081 4 0.012 0.004 0.011 0.008
TM Thermal IR*; T (◦C) 21.9 0.136 4 n.d. n.d. n.d. n.d.
Shelford Priory July 2018
SODA RGB*; DSM 7.9 0.017 6 0.018 0.017 0.016 0.017
Shelford Priory May 2019
SODA RGB*; DSM 7.1 0.017 6 0.013 0.015 0.012 0.014
Canon G R RE NIR*; NDVI 8.1 0.026 6 0.015 0.024 0.013 0.017
Sequoia G R RE NIR*; NDVI 9.0 0.083 6 0.008 0.012 0.008 0.009
TM Thermal IR*; T (◦C) 11.1 0.144 4 0.047 0.116 0.117 0.087
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2.1.2. Ground Control Targets
The impact of the number and distribution of ground control targets on the accuracy of UAV-derived
image products is commonly reported [62–66], but target design, and how the precision with which
targets can be identified and marked during image processing impacts on accuracy is less well
represented. For this study the ability to identify archaeological features from remotely sensed imagery
was of greater interest than precise geographical alignment of survey data. However, a multisensor
ground control target that is identifiable in imagery captured from the range of sensors used in this study
was developed during the first flights undertaken at Camp Hill in June 2018 (Figure 4). In addition to
the range of GSD achieved between sensors (0.017 – 0.144 m; Table 1), when processing multispectral
imagery captured by the Sequoia sensor targets need to be identified and marked precisely in each
individual band of data (see Figure 5).Remote Sens. 2019, 11, x FOR PEER REVIEW 10 of 35 
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Figure 4. Multisensor target design.
A range of geometric designs and materials were explored, and the most effective design for
conditions in June was found to comprise a double cross pattern constructed from black and white
corrugated polypropyl n sheets (2 mm thick) with a large black square and smaller white square in
the centre (Figure 4). Although this was effective in conditions in June, for the survey in October 2018
it was discovered to be less visible in the thermal data, and for the second survey at Shelford Priory
in May 2019 an additional, and independent, cross target made from aluminium foil, with the same
dimensions as the larger black cross used in the multisensor target, was tested and found to be more
easily identifiable in thermal imagery than black polypropylene (see Figure 6).
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2.2. Camp Hill
Cam Hill was surveyed n 22 June 2018 and 20 Octobe 2018 using the S.O.D.A., thermoMAP
and S quoia sensors. Groun cover in the AOI changed significantly between survey dates; in June the
fields in the ROI had a dense crop of w eat with ploughed bare soil margins, whereas in October the
cropped area comprised bare soil following ploughing and harrowing with sparse cover of grasses
such as Festuca spp. in the margins (Figure 2). On 22 June 2018 no cloud cover was observed during
flights and a very low wind speed of 2 – 3 ms−1 at 75 m AED was recorded by the eBee. All flights
were undertaken between 14:00 and 16:00 Greenwich Mean Time (GMT) and took between 27 – 32
minutes. At the time of flight with the thermoMAP mean air temperature was 22 ◦C.
On the morning of 20 October 2018 there were clear skies for several hours prior to the survey.
Flights were undertaken between 14:00 and 16:00 GMT, during which time there was around 5/8
cloud cover and wind speed was between 5 – 8 ms−1 with occasional gusts over 9 ms−1 at 75 m AED.
The flights with the S.O.D.A. and Sequoia sensors took between 22 – 25 minutes, but the flight with
the thermoMAP took 34 mins due to a longer period f temperature stabili ation in the sensor. At
the time of flight with th thermoMAP mean air temperature was 15◦C. For the October flights, four
multisensor ground control targets were positioned in the approximate corners of the field central
to the survey area (Figure 2). The location of the targets was recorded using a Trimble R2 GNSS
and the data post-processed using RINEX (Receiver Independent Exchange Format) data from the
nearest OS Net base station located at Keyworth (26 km south). Positional data was corrected to within
0.023 – 0.029 m (x and y) and 0.039 – 0.041 m (z).
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2.3. Shelford Priory
Shelford Priory was surveyed initially on 15 July 2018 following a prolonged period of unusually
dry and warm weather from May 2018. The survey was prompted by observations from the landowner
that parch marks were visible on the ground in a field under grass pasture (Figure 2, Figures 13 and 14).
For this survey, just the S.O.D.A. sensor was flown to record the location of parch marks. During the
flight no cloud cover was observed and a low wind speed of 2 – 5 ms−1 at 75 m AED was recorded
by the eBee. The flight was undertaken around 12:00 GMT and took 12 minutes. Six ground control
markers comprising white crosses were positioned across the site (Figure 2).
The site was surveyed a second time on 23 May 2019 using the S.O.D.A., Canon, Sequoia and
thermoMAP sensors. There were no apparent parch marks visible on the ground at this time (Figure 2
and Figure 13). No cloud cover was observed during flights and a low wind speed of 4 – 6 ms−1 at
75 m AED was recorded by the eBee. All flights were undertaken between 13:00 and 15:00 GMT and
took between 10 – 13 minutes. At the time of flight with the thermoMAP mean air temperature was
22 ◦C. Six multisensor ground control targets were positioned in the corners of the field containing
parch marks and at two other locations on site with four additional aluminium foil targets placed
approximately 3 – 4 m distant from the multisensor targets in the field. The location of all targets was
recorded using a Trimble R2 GNSS, and GNSS positions for both surveys were post-processed using
RINEX data from the nearest OS Net base station located at Keyworth (13 km south-west). Positional
data for both surveys corrected to within 0.016 – 0.018 m (x and y) and 0.025 – 0.030 m (z).
2.4. Post-Flight Image Processing
Imagery for all surveys was initially processed using the commercial software package
Pix4Dmapper v4.3.1. An orthomosaic was created from imagery for all sensors, and a digital
surface model (DSM) was produced as an additional output from RGB imagery (Table 1). During
processing, reflectance values for the thermal data were converted to produce an additional orthomosaic
comprising temperature (◦C) and an NDVI (Equation (1)) was created from the imagery captured by
the Sequoia and Canon sensors. As the bands from the Sequoia sensor were captured and processed
separately these were stacked to create a 4-band (G R RE NIR) orthomosaic using ERDAS Imagine 2016.
2.4.1. Camp Hill
As the design and material for ground control targets was explored in the flights undertaken in
June 2018, no ground control was used in post-flight image processing for the June flights. The GNSS
location and 3D orientation of the eBee platform recorded by the onboard sensors were used to provide
geolocation during orthocorrection.
For the data collected in October, all four ground control targets were marked as ground control
points (GCPs) in the imagery derived from the S.O.D.A. and Canon Powershot sensors. These were
used during orthocorrection to provide accurate geolocation (Table 1). As the targets were less visible
in the thermal data, the GNSS location and 3D orientation of the eBee platform recorded by the
onboard sensors were used to provide initial geolocation during orthocorrection of the thermal imagery.
The georeferencing of the resultant thermal orthophoto for October 2018 and all three orthomosaics
from June 2018 was improved using the georeferencing tools in ArcGIS. The RGB orthomosaic from
October 2018 was used as an accurate reference dataset to identify 8 tie points in each image and a
second order polynomial transformation was applied reporting a 2D root mean square error (RMSE)
of 0.
2.4.2. Shelford Priory
Ground control targets were marked as GCPs in imagery for all surveys undertaken at Shelford
Priory. For the thermal imagery captured in May 2019, the four targets made from aluminium foil
were used in preference to the multisensor targets owing to their greater visibility in the data (Table 1).
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2.5. Analytical Processing
The geocorrected imagery requires additional image processing in order both to extract the
maximum amount of useful information and to display the output in a form that is easily understood
and interpretable. This procedure comprises two stages: (a) local pre-processing to reduce noise, remove
outliers, and improve contrast; and (b) detailed analytical processing to visually enhance the data.
In addition, for the two thermal imagery flights over Camp Hill, statistical analysis was undertaken to
compare the two datasets. Software employed for this purpose mainly comprised MATLAB, ImageJ,
and R, with ilastik and ImageJ used for Random Forest and Naïve Bayes classification.
2.5.1. Local Pre-Processing
A denoising filter was applied to the thermal imagery datasets for Camp Hill in order to separate
the signal data from spurious crop canopy effects which were evident in the RGB imagery (see Figure 7).
The technique found to be the most useful was non-local means denoising, a filter which protects image
texture. The average value of pixels NLu(p) is evaluated by windowing across the entire image, first
searching the image for pixels that resemble those requiring denoising [67–69] and output is achieved
by performing a weighted averaging of neighboring pixels, where the weights are computed using
image patches. It is given by:
NLu(p) =
1
C(p)
∫
f (d(B(p), B(q))u(q)dq) (8)
where d(B(p), B(q)) is the Euclidean distance between image patches centred at p and q, f is a decreasing
function, and C(p) is the normalizing factor [70]. Despite limitations in the filter that may result in
weaker denoising than Gaussian or Fourier methods [71], and some loss of finer detail, the non-local
means filter was found by experimentation to be the most effective in the removal of thermal noise
effects from the Camp Hill aerial imagery.
Outlier removal was only required for the second Camp Hill thermal survey where wind turbulence
resulted in a slight loss of data over a 1.6% area of the image, resulting in a patch of missing values.
Each pixel determined to be an outlier was converted to NaN (not a number) in this area and was
replaced with a pixel derived as the median of the pixels in the surrounding valid area using a circular
mask [72,73].
Contrast adjustment was applied to all imagery for comparison with the raw data, and Wallis
filtration was used for this purpose. The filter uses an adaptive histogram equalization that acts
to enhance the radiometric properties of the imagery by means of dynamic contrast enhancement,
utilizing the Gauss smoothing operator in the calculation of mean and variance of local grey value [74],
thus the image of the raw mean value and variance value map to the filtered image’s mean value and
variance value [75,76]. Its function is given by:
f (x, y) =
[
g(x, y) −mg
]
cs f
csg + (1− c)s f + bm f + (1− b)mg (9)
where g(x,y) is the value of the original image, f (x,y) is the value of the filtered image. mg is the original
image of a neighborhood of a pixel mean value, sg is the original image of a neighborhood of a pixel
variance value. mf is the mean of the filtered image, sf is the variance of the destination image. c is the
extension of the image variance constant, and b is the image luminance factor.
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2.5.2. Advanced Processing
To further clarify the visual and quantitative results derived from the steps given in 2.6.1 further
image processing was used. Experimentation was undertaken with unsupervised clustering: k-means,
fuzzy C-means, watershed, and ELKI (Environment for Loping KDD-applications supported by Index
Structures) [77–81]. Machine learning techniques, Random Forest (RF) [82–85] and Naïve Bayes were
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further utilized to classify and provide greater clarity to the feature distribution. The RF technique,
which was found to yield the clearest results, is a nonparametric method for modelling the continuous
and discrete data of decision tree methods and is a well-established and reliable process [86–88].
However, quantitative characterization of the inputs passed to the model must be rigidly applied,
and factors such as the uncertainty of the data taken into account in order to prevent overfitting
and incorrect outcomes [89–91]. Great care was taken to ensure the manual characterization of
features for training was undertaken with high accuracy and by utilizing numeric vectors derived
from known, ground-truthed, feature classes across the target scene. Three models were used for
comparative analysis: Parallel Random Forest (VIGRA), Random Forest (scikit), and Gaussian Naïve
Bayes (scikit) using ilastik open source software [92,93] and trainable Weka segmentation in ImageJ [94].
The general form of RF, as an unweighted average of the predications of individual trees, is given by
Lakshminarayanan [95]:
g
(
x; {Tm,θm}Mm=1
)
=
M∑
m=1
1
M
g(x;Tm,θm) (10)
where, for a given tree structure T , {Tm,θm}Mm=1 is an ensemble of trees, M denotes the number of trees
in the ensemble, θ is the number of leaf node parameters, x is a test data point, and g is the prediction.
3. Results and Discussion
3.1. Multisensor Ground Control
Although precise geographical alignment of the survey data was not required for this study,
the design of the multisensor ground control targets developed during the first survey at Camp Hill
enabled the centre of the targets to be identified and marked precisely in all 3-band imagery acquired
from the S.O.D.A. and Canon S110 cameras, and also in each individual band collected by the Seqouia
sensor. In the NIR part of the spectrum, white coloured polypropylene appears to exhibit a reflectance
comparable to, and not visually distinguishable from, background vegetation (here grass). Black
coloured polypropylene absorbs a far greater amount of electromagnetic radiation than chlorophyll
at these wavelengths [96,97], thereby providing clear visual contrast for identification. The precision
with which the centre of the multisensor target developed here was marked during processing enabled
the orthocorrection process to create outputs with a reported error (RMSE) lower than the width of one
pixel in x, y, and z dimensions (Table 1). This level of accuracy in image alignment indicates that it may
be possible to stack images from separate sensors collected in independent flights to improve image
classification [98], though this was not explored in this study.
Interestingly the outputs from RGB imagery processed at Shelford Priory using the multisensor
targets reported a lower error than that reported for RGB imagery processed using white crosses as
targets (Table 1), though it should be noted that no additional targets were used to provide further
validation of error. However, this does highlight the importance of reporting target design and
precision of target marking when assessing the impact of the number and distribution of ground
control targets on the accuracy of UAV-derived imagery products.
In addition to facilitating marking of targets in NIR imagery, the wider black strips of polypropylene
used in the multisensor target provided a larger surface area of material to absorb solar radiation, with
the aim of providing an object in the imagery that exhibited a higher temperature than that of the
background vegetation. The difference in temperature recorded between the background field and
the black polypropylene in Figure 6 was approximately 3 ◦C, however the difference in temperature
between the background field and the aluminium foil was approximately three times greater (9 ◦C;
Table 2). Although aluminium foil appears to be an optimal material for identification in thermal
imagery, the foil target is not reliably identifiable in the NIR band from the Sequoia sensor. Therefore,
a multisensor ground control target is likely only possible for application with RGB and multispectral
imagery; a separate foil target is required for processing thermal imagery.
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Table 2. Mean Temperature Values of Background Field, Black Target Material and Aluminium Foil.
Feature Mean Temperature (◦C) Standard Deviation
Background field (grass) 26.9 0.69
Black material 30.1 0.63
Foil 17.8 1.78
3.2. Camp Hill
The outputs of the imagery acquired during the June and October surveys in 2018 are summarized
in Figures 7 and 8. Neither the RGB, multispectral, nor any of the derived imagery products reveal
significant anomalies that may be attributed to archaeology. This is surprising, as previous aerial
photographic surveys have revealed some indication of a Roman road as well as several ephemeral
apparent anomalies [99]. However, the thermal imagery from survey 1 has proved exceptionally
informative, revealing the obvious location of the inner ditch in the centre of the site, the probable
position of the hillfort entrance, and the Roman road. In addition, a number of further anomalies,
probably related to the interior layout of the hillfort, or possibly an earlier enclosure, were revealed.
The majority of the apparent archaeological features present as lower temperature anomalies, which is
to be expected as, apart from the Roman road, they all comprise backfilled ditches that should retain a
higher moisture content compared to the surrounding ‘background’ earth, resulting in temperature
reduction by the process of evaporative cooling and differential heat transport [100,101]. The Roman
road, although compacted in the centre, would have had ditches to either side, thus also resulting in
higher moisture retention. The thermal output from survey 1 processed using the Random Forest
classifier (Figure 9) highlights the lower temperature anomalies that appear to be archaeological
in form.
Data correction for topography was applied (Equation (7)) and the regression coefficients are
shown in Table 3. The difference in apparent and actual temperature for survey 1 was < 0.01 ◦C and for
survey 2 was <0.05 ◦C, hence for all practical purposes in these surveys the effect of site topography is
regarded as insignificant.
Table 3. Regression Coefficients for Topography Correction in the Camp Hill Thermal Data.
Survey Coefficient Estimates Standard Error t-Statistic p-Value
Camp Hill June 2018
α (intercept) 22.281 0.121 184.05 0
β (slope) 0.020 0.002 9.438 7.331e−20
Camp Hill October 2018
α (intercept) 17.331 0.090 191.89 0
β (slope) 0.027 0.002 16.636 2.16e−50
In the hillshade view derived for both surveys (Figures 7 and 8), the area of the apparent hillfort
entrance can be seen as lying within a natural depression in the ground surface, which is a logical
position. At the time of writing, no high resolution LiDAR data (i.e. <1 m point spacing) were available
for this site, but are expected to show the information revealed in the hillshade view in greater detail.
With advances in UAV mounted LiDAR systems [102–105] this may also be a key area of future
archaeological research using UAVs.
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In order to understand why the thermal imagery from survey 1 (June 2018) revealed considerably
greater archaeological information than the thermal imagery from survey 2 (October 2018), the two sets
of thermal data were converted to 1D column vectors for statistical analysis and plotted together on
the same scale (Figure 10). This highlights that there was a considerably greater range of temperature
values (18.55–49.97 ◦C) recorded in the thermal data collected during survey 1 compared to the range of
temperature values recorded in the thermal data from survey 2 (15.89–23.99 ◦C). This is most probably
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due to higher solar intensity and higher mean atmospheric temperature in June (21.70 ◦C measured on
22/06/18) compared to those in October (15.08 ◦C measured on 20/10/18), and the lower wind speed
encountered during the surveys (2 – 3 ms−1 in survey 1 compared to 5 – 8 ms−1 in survey 2) yielding a
lower cooling effect. The range of temperature is also likely to be influenced by the presence of a crop
and associated evapotranspiration and stress effects [106,107].
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The distribution of the thermal data for each survey was examined first using the Lilliefors
(Kolmogorov-Smirnov) Test for Normality, and the Shapiro-Wilk Normality Test. The Lilliefors
p-values were both < 2.2e−16, and the Shapiro-Wilks likewise returned p-values < 2.2e−16 and 5.537e−16,
providing very strong evidence to reject the null hypothesis that the datasets have a normal distribution,
while indicating that the thermal data from survey 2 tend marginally more towards a normal distribution
than the thermal data from survey 1 [108]. The quantile (QQ) plots (Figure 11) again imply the rejection
of a normal distribution for both datasets but show that part of the thermal data from survey 2 lies on
the Gaussian [109].
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Both datasets were then tested for optimum distribution fit using maximum-likelihood
estimation [110] and the results indicate that the thermal data for survey 1 have, excluding
non-parametric fits, an optimum lognormal fit and the thermal data for survey 2 have a normal
fit (Figure 12). The two sets of thermal data were lastly compared with each other using the Pearson’s
correlation coefficient (p = -0.0461) which provides strong evidence to reject the null hypothesis that
the datasets have a linear correlation [111]. Thus, there is no correlation between the individual
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readings obtained in the first survey with those in the second, and although some thermally-related
archaeological detail is visible in the second survey it is very weak compared to the first and cannot
simply be the result of lowered contrast due to the compressed thermal range; it is more likely to be a
multifactor issue.
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In addition to the greater range of temperature recorded in the thermal data from survey 1, the
thermal data show an increased ‘contrast’ in temperature recorded across the crop canopy compared
to that across the bare soil for the same area post-harvest. It appears from the data that when a crop is
present the canopy is influenced in a way that is directly related to the latent heat flux (λE), the ground
heat flux (G), and the sensible heat exchange with the atmosphere (H), which in turn depends on the
level of moisture present in the ground at a given point:
RN = λE + H + G (11)
where RN is the net radiation received at the soil-plant interface [112].
Thus the net thermal effect in the canopy reveals a measure of subsurface ground water content
in a manner that reveals filled-in ditches, hollows, and depressions as cooler objects, and this effect
is enhanced by the process of evaporative cooling, but may also be masked by localized changes in
albedo, non-moisture related stress, and topographical variations resulting in differential wind chill.
The higher level of solar energy regardless of whether crop is present or not also appears to increase
contrast between features.
3.3. Shelford Priory
The RGB output from the first survey (July 2018) and the RGB, multispectral, and thermal outputs
from the second survey (May 2019) are summarized in Figure 13. In the first survey, as expected, the
extremely dry pre-flight conditions that had resulted in visible parch marks on the grass produced an
RGB image with excellent contrast between very dry areas and those retaining more moisture. Where
buried masonry is present, the mean pixel values in all three bands (R,G,B) are higher than the mean
pixel values for the background grass in the field (Table 4). From this lighter appearance in the imagery
the outline of one of the priory church’s walls, an anomalous circular feature (possibly a later 17th
century Civil War construction), the position of the priory West Range, and a building on the south of
the site can all clearly be discerned and their locations were enhanced using Wallis filtration (Equation
(9); Figure 14). This local image transform ensures that the standard deviations and means of the image
at different locations are approximately equal, which produces excellent local contrast throughout the
image, while reducing the overall contrast between bright and dark areas [113] (Figures 14 and 15).
Table 4. Mean Pixel Values with Standard Deviations (s.d.) for Each Band in the RGB Data for Shelford
in July 2018.
Feature Red s.d. Green s.d. Blue s.d.
Background field 160.89 13.85 155.61 10.71 110.44 12.28
Priory wall 213.03 12.24 178.09 10.38 140.47 11.84
Circular feature 210.06 9.25 175.50 8.30 146.12 8.62
West range 211.22 10.51 182.49 10.29 155.82 10.91
Building to south 209.36 16.21 185.00 15.66 151.47 18.12
The RGB data acquired during the second survey revealed little archaeological information, most
likely as the ground water content was near normal with no extreme dry or wet periods of weather
preceding the survey, thus suppressing any visual contrast due to differential vegetation growth [114].
In the hillshade view derived from the RGB imagery, two linear anomalies are prominent and
relate to comparatively recent water pipe trenches; these can also be detected, albeit less clearly, in
the majority of the other imagery. The hillshade view also clearly reveals depressions and elevated
areas that are associated with the archaeological features seen in the RGB imagery from the first survey.
The elevated areas may be interpreted as a slight build-up of earth over buried walls, but they are hard
to discern from normal RGB aerial imagery or from the ground. However, the parch marks in survey 1
appear to lie mainly in areas of depression where historic robbing of the walls following ruination of
the priory has in all probability resulted in a slight lowering of the mean surface level.
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Visual assessment of the multispectral imagery, and the derived NDVI, reveal the southern part
of the west range with considerable clarity and some of the other features, visible as parch marks
during dry conditions in the RGB data for the first survey, are visible to some extent (Figure 13).
The contrast in the appearance of the grass above the masonry walls is most likely due to variation
in chlorophyll displaying differential reflectance in the red and near-infrared wavelengths [115,116].
Thus, vegetation above masonry walls which is adversely affected by lower water availability, and
therefore may contain less chlorophyll, is revealed in the multispectral data with far greater clarity
than in the RGB region alone.
The thermal data yield similar information to the multispectral data but provide some increased
clarity of the priory church outline. The correction test for topography in the thermal data was not
required in this instance, as the site is approximately of uniform height and has no significant slope.
The majority of the apparent archaeological features all present with higher temperature values (Table 5)
which may be interpreted as differential thermal heat transport in the stone walls [117,118] known to
lie below the field surface. However, only two very short sections of opposing walls in the apparent
building to the south of the site are faintly revealed in the thermal data, and the remainder of the walls
are not discernible.
Table 5. Mean Temperature Values for Anomalies Visible at Shelford Priory.
Feature Mean Temperature (◦C) Standard Deviation
Background field 26.45 0.33
Priory wall 28.10 0.37
Circular feature 30.92 0.46
West range 31.14 0.78
Building to south 26.80 0.25
As the multispectral data appear to yield the greatest level of apparent archaeological information,
the data acquired by the Canon S110 camera were processed using the Random Forest classifier to
determine if greater clarity could be achieved. Although the multispectral data collected by the Sequoia
sensor are more spectrally discrete (Figure 3), the NDVI derived from the data acquired by the Canon
camera appeared to show a greater number of features. The difference in the number of features visible
between the two sensors may in part be due to the higher spatial resolution of the Canon camera and
also due to the fact that the Canon sensor collects information further into the NIR part of the spectrum
(wavelengths over 1000 nm) than the Sequoia sensor (limited to 810 nm; Figure 3). The classified data
from survey 2 (Figure 16) highlight anomalies that appear to be archaeological in form, and Figure 17
gives an archaeological interpretation of the main features.
The apparent building to the south that is visible in parch marks in July 2018 was not identified as
clearly in the thermal data nor in Random Forest classification of the multispectral data collected in
May 2019. It is possible that these walls are buried deeper than the building in the west range, and that
the trees (over 10 m in height) located between 4 – 18 m directly south east, provide a level of shielding
from solar radiation that both reduces the level of absorption of heat and result in a lower differential
effect on the surface vegetation chlorophyll.
4. Conclusions
From the first survey of Camp Hill (June 2018), the RGB and multispectral imagery provide little
detailed information on the potential archaeology of the site. However, the thermal imagery has
revealed, in considerable detail, many features that appear to be man-made and which relate to the
former use of the site as a defensible hillfort and enclosure. In addition, the line of the later Roman
road is very clearly delineated. The second survey (October 2018) provided less information, with
considerably lower contrast between features and background in the thermal data, which is thought
to be caused by a combination of the reduced atmospheric temperature and lower solar energy at
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the time of the autumn survey compared to the summer survey along with the absence of crop cover.
The data from the summer survey is by far the most detailed picture of the site yet produced and
should lead to further interpretation if the site is investigated by invasive means in the future.Remote Sens. 2019, 11, x FOR PEER REVIEW 29 of 35 
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At Shelford Priory, all methods of survey employed—RGB, multispectral, and thermal
imaging—have produced useful results, revealing apparent buried archaeology to varying degrees.
However, unlike the survey at Camp Hill, the most useful technique at Shelford Priory was found
to be multispectral imaging, coupled with Random Forest classification. As before, the results will
be exceptionally useful should excavation take place on the site in future, and even without invasive
examination, the imagery and classifications appear to provide sufficient information for a provisional
ground plan of the priory to be reconstructed.
The key finding of the two survey methodologies is that no single technique is sufficient to attempt
to reveal the maximum amount of potential information [119] and that for archaeological survey work
a minimum of RGB, multispectral, and thermal imaging should be employed whenever possible.
The addition of hyperspectral imagery and UAV acquired LiDAR, which were not available for this
study, have considerable potential based on the findings presented here. For precise geographical
alignment of survey data, a multisensor ground control target is possible for application with RGB
imagery and for multispectral data from Canon S110 and Sequoia sensors, but for thermal image
acquisition and processing a separate target made from aluminum foil is suggested.
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